This research investigates both experimental study and numerical simulation for the mobilization of residual oil under vibratory conditions. A capillary model is established to present pore structure and various vibratory stimulations are applied to the model. Through experimental studies, a relationship is built between the driving pressure and the system parameters such as drainage time, oil slug length, vibration frequency and duration. The numerical study shows the existence and development of a water film surrounding the oil slug during the oil slug mobilization. Results indicate that optimal vibration frequency and duration time can greatly increase the oil slug mobilization efficiency.
Introduction
The petroleum industry has implemented enhanced oil recovery (EOR) techniques and recognizes that oil production is generally improved by applying vibro-seismic techniques. The exact mechanism behind it is far from understood. While it has been demonstrated by numerous experimental and field test results that vibro-seismic stimulation can improve waterflooding efficiency during the residual oil recovery process in depleted reservoir [1] , practical implementations of such techniques are at best trial and error. Often, vibration frequency on the order of mega Hertz in dynamic range is swept to mobilize residual oil. Such a wide range of vibration frequency, to some extent, reflects the lack of efficient and effective guidance in utilizing such techniques. Thus, it is theoretically and practically significant to carry out systematic research on the flow behavior of residual oil during the mobilization process under vibratory stimulation.
Ashchepkov [2] conducted a series of experiments on sandstone cores with different permeability. Vibratory stimulations at frequencies of 30, 60, 100, 200, and 400 Hz and with amplitudes of 0.6 and 0.4 μm were applied to these cores. Significantly faster imbibition of water and oil drainage was observed after the vibratory treatment. Pogosyan [3] studied the influence of vibratory stimulation on single-phase permeability on a synthetic core made from quartz sand and marshallite. It was observed that the permeability and drainage of the core were increased by vibration; however, the nature of the vibration stimulation was not specified.
Simkin and Surguchev [4] conducted a spectrum of experiments including gravity segregation, oil-displacement, and imbibition on a sandpack. The gravity segregation experiments showed that when the sandpack was vertically inverted without vibration, it took approximately 12 days to achieve the new gravity equilibrium; however, the new gravity equilibrium was achieved in only about 2 hours under a vibratory stimulation of 120 Hz and amplitude of 0.01cm. It was observed in the oil-displacement tests that, with vibratory stimulation, an oil recovery of 75% was achieved while without vibration, the observed oil recovery was approximately 45%. In the imbibition tests conducted on a sandstone core after 352 hours of imbibition, oil recovery of 56% was achieved without vibration whereas under vibratory stimulation, the oil recovery reached 96%.
Beresnev's research group from Iowa States University has been working in this area for over 10 years and has made a great contribution in the effects of vibration on oil mobilization [1, [5] [6] [7] [8] [9] . Through theoretical research, they found that vibratory stimulation could remarkably decrease the value of the pressure gradient required to mobilize the entrapped oil slug. They also considered a 2-D etched glass micromodel with a 5050 square lattice of circular "pores" connected by straight channel "throats". The experimental results demonstrated that for fixed acceleration amplitude, TCE was displaced faster by water injection as the frequency decreased from 60 to 10Hz. For the fixed vibration frequency, the TCE mobilization was enhanced as the acceleration amplitude increased from 0.5 to 5.0m/s2. Their latest results reported in 2011 described a sinusoidally constricted capillary model to simulate porethroat in porous media and studied the impact of vibration excitation on oil slug mobilization; their results shew that vibration had positive effects on the process of oil slug overcome pore-throat. Also, the lower frequency of vibration works better compared with higher frequency ones.
Roberts [10] conducted experiments by applying compression vibration to a sandstone core in the axial direction. It was observed that oil flow was enhanced at frequencies between 25 to 100 Hz, whereas no significant changes in permeability were observed. Experiments were conducted by Wang [11] and Spanos [12] on vertical columns of sandpack with oil flowing through it. Unlike other experiments, pressure pulses at a frequency of about 1 Hz were applied to the sandpack. The experimental results showed a significant increase in the flow rate. Ma [13] investigated the effect of vibration on core permeability (32 cores with diameter: 2.5 cm, length: 3 to 7.5 cm under translational vibration of 0.05 to 0.2 g force at frequencies of 0 -30 Hz). It was observed that the permeability increased by 28% when the frequency was the eigen-frequency of the core, whereas permeability actually decreased at other frequencies. However, they failed to define the core's eigen-frequency in their paper.
The research group at the University of Regina has been working on the effect of vibration excitation on oil slug mobilization in capillary model. Dong [14] studied the pressure drop of oil slugs, mobilized by very low and constant injection rates in a water-filled capillary tube. As found in their research, to mobilize the oil slug in straight capillary tube, the driving pressure must be large enough to overcome the resistance of the capillary wall as well as the viscous pressure. Dai and Zhang [15] illustrated four different flow phenomena during the process of oil slug mobilization in a capillary; their results indicate that the development of water film is crucial in oil slug mobilization, and the flow phenomena are dominated by the oil slug length as well as the water injection rate. Later on, Dai and Wang [16] conducted a numerical research on the oil slug mobilization in an axisymmetric capillary tube. The results confirmed the existence of water film between the oil slug and the tube wall. Fan [17] studied the effect of vibratory stimulations on a flowing slug. For an oil slug flowing in a capillary tube under a constant driving pressure, the results showed the existence of an optimum vibration frequency, under which the oil slug achieved its maximum speed. Cheng [18, 19] also conducted experiments to investigate the impact of vibratory stimulation on the mobilization of oil slugs in a capillary tube. It was found that within a certain frequency range, the driving pressure that was required to mobilize the oil slug decreased with the increase of the vibration frequency.
In this research, a customized test bed is presented to study oil slug mobilization in porous media along with the experimental results that provide insights on the impact of water drainage time, vibration frequency, and vibration duration on a required oil slug mobilization pressure. The results obtained in the present research contribute to the efforts of revealing mechanisms of the vibratory stimulation technique in EOR.
Experimental Test Bed and Approach

Experiment Test Bed
The layout of the experimental test bed is depicted in Figure 1 . The experimental setup consists of the pore structure model, the vibration generation system and the data acquisition system.
For the sake of clarity and simplicity, a capillary model is used to present a branch of pore structure underground. The core component of pore structure model is a uniform circular glass capillary tube, which is 1000 mm long with an inner diameter of 1.5 mm (PYREX Brand Glass Tubing). Two Plexiglas chambers (Chamber A and Chamber B) are attached to fix the tube. A pulse-free constant syringe pump (Model 341A, Sage Instrument) is connected to Chamber B to provide a constant flow rate in the capillary tube. On the other side, a water reservoir is connected to Chamber A to collect the outflow liquid.
The data acquisition system is used to collect and record the pressure differences across the capillary tube throughout the oil slug mobilization process. The core device of the data acquisition sub-system is a highly sensitive pressure transducer (DP103, Validyne Engineering) with a resolution as low as 0.014 mmH2O. The signals from the transducer are collected and converted into digital signals by a data acquisition board (CIO-MINI37, National Instruments) connected directly to the carrier demodulator. The digital signals generated by the data acquisition board are then transformed into computer data and are processed by a data processing software (DASYLab V8.0, National Instruments) installed on the computer. The collected data are stored as raw experimental data which can be plotted to visualize the pressure profile. ). An accelerometer (DeltaTron, Type 4398) is used to monitor the vibration amplitude of the capillary tube. The vibration generation system is controlled by a software (Bruel & Kjaer, Pulse 8.0), which is also used for data acquisition. The vibration system is capable of generating vibration signals with frequencies ranging from 5 Hz to 10 KHz. Waveforms of the vibration signals can be sinusoidal, impulsive and so forth. Sinusoidal signals are used in this research to study the effect of vibratory stimulation on oil slug mobilization.
Experimental Material Properties and Conditions
The oil sample used in this research is standard S60 in conformity with the ASTM Oil Standard. In order to minimize the adverse effect on the experiment results caused by impurities, DI water is employed in oil slug mobilization. Experiments are conducted at room temperature (22 ± 0.5˚C). The oil-water interfacial tension (IFT), ow, of the oil sample is measured to be 27 dyne/cm using the pendant drop method. Thus, the capillary pressure is calculated to be 2ow/Rt = 7.2 mmH2O with a contact angle of 0°. At room temperature, the viscosity of the S60 oil sample is 148.0 cp and the water viscosity is 1.0 cp. Densities of the oil and water are 0.87 and 1.00 g/cm3, respectively.
Experimental Procedures
The purpose of the current research is to study the effects of both the vibration frequency and duration on the mobilization of an oil slug in the capillary tube, respectively. The following experimental procedures are carefully considered to reach the above goal. 1) A capillary tube is firstly cleaned by Varsol, acetone, DI water orderly; and then blows dry with air for an hour to ensure the inner surface is completely clean and dry.
2) The clean tube is fixed by Chamber A and B, the whole system is then filled with DI water, it is necessary to make sure there is no air bubble into the flow system.
3) An oil slug with desired length is injected to the capillary tube through Chamber B. It should be noted that after the oil slug is injected into the capillary tube, the needle connected to the syringe must be pulled out of the tube very slowly and steadily so that the oil slug would not break due the motion of the needle. Such a slow motion of the needle also prevents the inner surface of the capillary tube from being scratched by the sharp point of the needle.
4) The flow system is then standing there without any external pressure and waiting for the drainage time.
The drainage time is defined as the duration of time for which the oil slug stays still inside the capillary tube. During the drainage time, the water film exists between the oil slug and tube wall drain out due to the interfacial tension between oil and water, such that the oil slug contacts with the tube wall directly. Water film drainage is an important process and it will be discussed in section 4.1 in detail.
5) When the oil slug is set ready, after desired hours of drainage, the capillary tube is subjected to the stimulation of external vibration. A vibratory stimulation ranging from 5 to 350 Hz is applied to the capillary tube containing the oil slug, and the acceleration amplitude is 8 m/s2. 6) After a desired time of vibration, the exciter is shut down and water is injected immediately by the syringe pump. At the meantime, the pressure difference across the tube is measured and recorded during the water injection.
7)
When the oil slug is observed to flow in a stable condition and the pressure drop trend becomes smooth, then the water injection is stopped. This is considered as an entire cycle of experiment.
Results and Discussion
Influence of Water Film Drainage on Oil Slug Mobilization
1) Experimental Research of Influence of Water Film Drainage on the Oil Slug Mobilization
Firstly, we investigate the impact of water film drainage on the pressure needed for oil slug mobilization. For a moving oil slug, research has shown that when the capillary tube radius is small enough such that gravity is negligible, there will be a film of liquid with uniform thickness between the oil slug and the capillary wall [20] . When an oil slug is initially injected into a capillary tube full of water, it is considered as a moving oil slug. At this stage, a water film will be generated once an oil slug is injected to the capillary tube. When the oil slug stops moving and remains still inside the capillary tube, the water film will be partially or fully drained out under surface tension of the oil slug eventually.
There are many factors that affect the water film drainage for oil slugs such as temperature, oil slug length and material properties of the oil. In this research, extensive work is focused on investigating the relationship between the driving pressures required for the mobilization of oil slugs of different lengths and with different durations of drainage time.
A set of mobilization experiments were conducted on an oil slug inside the capillary tube with a range of drainage times between 2 to 38 hours, depending on the oil slug length; generally speaking, the shorter oil slug is, the shorter time it needs to drain out the water film between the oil slug and the tube wall. In the previous research, Dai [16] shows that the value of the maximum driving pressure is mainly dependent on the oil slug length and the water injection rate does not have significant influence on the value of the maximum driving pressure. Thus, the water injection rate is fixed at 0.35 ml/hr in this research. For each drainage time, the maximum driving pressure (pressure needed for slug mobilization) was collected. This set of experiments was then performed for several slug lengths: 4 mm, 8 mm, 20 mm, 30mm and 65 mm. It should be mentioned that longer drainage time (up to 50 hours) has been applied to 65 mm oil slug in order to make sure the water film is maximally drained out. Figure 2 shows the trend of a typical pressure profile summarized from the oil slug mobilization experiment.
The driving pressure applied to the slug was proportionally increasing over experiment time until the slug began to mobilize. This pressure was recorded as the maximum driving pressure needed for slug mobilization. Subsequently, less pressure was needed since the slug was already mobile.
FIGURE 2: A TYPICAL DRIVING PRESSURE PROFILE
Similar pressure profiles were obtained for other drainage times for specific slug lengths. The relationship between the maximum driving pressure and drainage time is plotted in Figure 3 . As expected, the shorter the drainage time is, the lower the maximum driving pressure is required for oil slug mobilization. This confirms our earlier results on the driving pressure required to mobilize the oil slug [19] . The decrease in maximum driving pressure with decreasing drainage time can be interpreted in the following way: when the drainage time is shorter, there is still a considerable amount of water film between the oil slug and capillary wall, which makes mobilization easier, therefore requiring less driving pressure. On the other hand, when the drainage time is longer, there is less amount of water film existing between the oil slug and capillary wall, which makes the mobilization of the oil slug more difficult, therefore requiring more driving pressure.
Although the maximum driving pressure increases with drainage time, the increasing rate decreases significantly beyond a certain point. Take the maximum pressure curve of 4 mm oil slug as example; the maximum driving pressure is almost constant between 13 to 38 hours of drainage time. Intuitively, when the drainage time is long enough depending on the oil slug length (for example, 13 hours for a 4 mm oil slug), the water film will be drained to the utmost extent such that there would be no significant difference from the maximum driving pressure needed for longer drainage times.
Meanwhile, Figure 3 compares the maximum driving pressure recorded for oil slugs with different lengths. As expected, the maximum driving pressure needed to mobilize the oil slug decreases as the oil slug length increases. While all curves exhibit very similar trends. All of the maximum driving pressures increase with increasing drainage time. However, the slope of the increasing driving pressure reduces notably as the oil slug length increases. Also, as one may notice from the figure, the rate of increase in maximum driving pressure for longer oil slugs is much less than that for shorter ones. This implies that the water film or the amount of residual water between the oil slug and the solid wall plays an important role in mobilizing the oil slug in capillary. One may also conclude that the maximum driving pressure required to mobilize an oil slug is less sensitive to drainage time for longer oil slugs. Our results on the relationship between slug length and maximum driving pressure provide further insights on the level of difficulty in slug mobilization for porous media with different amount of surface contact with slugs. An inner-surface tracking method namely volume of fluid (VOF) algorithm is applied here to simulate the oilwater flow in capillary tube [21] . In the VOF model, the surface position is determined by fraction function (Eq. 2, 3, 4). Then the Navier-Stokes equation (Eq. 1) is applied based on the results of this fraction function.
Typical Driving Pressure Profile
(1 )
whereρ , ρ1 and ρ2 are the average density, density of phase 1 and density of phase 2, respectively.μ, μ1and μ2 are the average viscosity, viscosity of phase 1 and viscosity of phase 2, respectively, p is the pressure, u is the velocity, f is the body force per unit volume and  is the volume fraction of phase. give the visualized contours of the diminishing water film. As shown in the figure, the thickness of the water film decreases, as the oil slug remains stationary inside the capillary tube. Given enough time, the water film will eventually be drained out from the space between the oil slug and the tube wall, then the oil slug will contact with the tube wall directly, which makes it difficult to be mobilized because, in addition to the capillary force, there is also resistance between the tube wall and the oil slug due to the viscous force.
The phenomenon appears in the numerical simulation can explain the experimental result, that the longer drainage time is, the higher pressure it needs to mobilize the oil slug, because of the increasing of the resistance force.
FIGURE 4: DRAINAGE OF WATER FILM
Influence of Vibration Excitation on Oil Slug Mobilization
The main focus of this research is to study the effects of vibration on oil slug mobilization in a capillary model. The influence of both vibration frequency and vibration duration time is analyzed in detail.
1) Influence of Vibration Frequency on Oil Slug Mobilization
Firstly we fix the oil slug length (25 mm) and drainage time (24 hours) in this experiment to explore the impact of vibration frequency on the maximum driving pressure.
After treating the pore structure model under vibration stimulations at different frequencies ranging from 5 to 350 Hz and for the same period of time (30 minutes), the mobilization of the oil slug in straight tube was initiated by injecting water into the capillary tube at injection rate equals to 0.34 ml/hr. The pressure difference between the two sides of the capillary tube was measured with respect to time. For an oil slug with a length of 25 mm and a drainage time of 24 hours, pressure profiles corresponding to different vibration frequencies are plotted in Figure 5 .
FIGURE 5: COMPARISON OF PRESSURE PROFILES FOR DIFFERENT VIBRATION FREQUENCIES ON A 25 MM OIL SLUG
As can be seen from Figure 5 , the driving pressure required for mobilizing the oil slug decreases as the frequency of the vibratory stimulation increases. When the frequency reaches 270 Hz, the pressure profile obtained at this frequency almost overlaps with the lower bound pressure curve, i.e., the pressure profile obtained under the condition of zero drainage time and without vibration. For pressure profiles obtained from vibratory stimulation at frequencies higher than 270 Hz, they are so close that they almost overlap. The effect of mobilizing a 25 mm long oil slug in a capillary tube for 24 hours after vibratory stimulations for the duration of 30 minutes, when the frequency reaches 270 Hz or higher, can be deemed as equivalent to the effect of mobilization with zero drainage time. Figure 6 shows the maximum value of driving pressure at different vibration frequencies. The experimental results presented in Figure 5 and Figure 6 can be summarized as follows:
1. The vibration excitation evidently shows positive influence on the mobilization of oil slugs in the capillary tube. The pressure shows two stages with increasing vibration frequency as shown in Figure 6 , when all the other conditions are fixed. The effects of the vibration frequency on the maximum pressure can be seen as the following.
 When the vibration frequency is equal or less than 150 Hz, the maximum driving pressure for mobilizing the oil slug is dropped by about 14% from that without vibration excitation;  When the vibration frequency is in the range of 190 Hz to 310 Hz, the maximum driving pressure is reduced 32% from the case without vibration excitation, or 18% of further reduction from the case above.
2. There exists an optimum vibratory frequency at which the best effect of the vibration applied on improving mobilization can be achieved. It means the effect of the optimum frequency can be made very close to the effect achieved when the drainage time is zero.
In addition to vibration frequency, the duration of vibration also shows impact over the driving pressure needed for slug mobilization. In this experiment, the vibration amplitude is 0.002 m and the frequency is fixed at 10 Hz. The vibration durations are ranging from 10 to 120 minutes. After treating the pore structure model under vibration stimulations with varying periods of time, the mobilization of the oil slug in straight capillary tube is initiated by injecting water into the capillary tube at injection rate equals to 0.34 ml/hr. Figure 7 shows a comparison of the pressure profiles obtained on a 43 mm long oil slug with drainage time of 24 hours under vibration stimulations of different durations.
As shown in Figure 7 the driving pressure required to mobilize the oil slug decreases as the duration of the vibratory stimulation increases. The pressure profile almost overlaps with the lower bound (the pressure profile obtained under the condition of zero drainage time and without vibration) for the 43 mm long oil slug when vibration lasted 120 minutes. As per the experimental results obtained, the vibration of sufficiently long duration is preferred for mobilizing the oil slug with minimum driving pressure. Figure 7 shows the maximum value of driving pressure at different vibration duration time.
The results illustrated in Figures 7 and 8 , demonstrate that vibration duration plays an important role in the mobilization of oil slugs in a capillary tube. It can be concluded that the best effect of vibration stimulation on mobilization can be achieved if the vibration duration used is sufficiently long. It should be noticed, however, the longer is the vibration duration, the more efforts are needed for generating and maintaining the vibration. For practically and economically sound results, the sufficiency of the vibration duration time needs to be determined. Since the driving pressure needed for oil slug mobilization decreases under the influence of vibratory stimulation, and, considering the experimental results, it is logical to hypothesize that the mechanism of how vibratory stimulation improves the mobility of an oil slug lies in the fact that vibration facilitates the development of water film between the oil slug and capillary wall. The higher the frequency is, the more developed the water film becomes, when the duration of the vibration is fixed. Likewise, the longer the duration of vibration stimulation is, the more developed the water film becomes, when frequency of the vibration is fixed.
2) Numerical Study on the Influences of Vibration Excitation on the Water Film Development
In the previous section, the positive effect of vibration excitation on oil slug mobilization is demonstrated experimentally. An optimal mobilization can be achieved if an external vibratory excitation of proper frequency is applied, under the conditions of the experiments. Also, the optimal oil slug mobilization is a case in which a water film is completely surrounding the oil slug without any drainage time. Therefore, it is logical to reach the hypothesis that external vibratory simulation positively affects the mobilization of the oil slug in straight capillary tube by facilitating the development of a water film between the oil slug and the capillary tube wall. However, it is difficult to verify such a hypothesis experimentally due to the limitation of experimental equipment. Numerical simulation therefore becomes an effective and efficient alternative for the verification of this hypothesis.
Same as described in section 3.1.2, ANSYS-FLUENT is applied to simulate the experimental procedures without water injection. In the numerical simulation, an oil slug of 20 mm in length is initially placed in the capillary tube without water film surrounding it. A user defined function (UDF) is then employed to provide a longitudinal tube movement, which follows sinusoidal change in the boundary condition. This generates a sinusoidal excitation similar to the flow system used in the experiments. Figure 9 shows the numerical results. As shown in the figure, the changes in the shape of the oil slug before and after applying vibration excitation into the system. The oil slug is originally placed in the tube with two semicircle shapes at the end and the main part of the oil slug is contacted with the tube wall. When subjected to external vibratory stimulation, the bulk of the oil slug remains in its initial position. However, as vibratory excitation continues, the two ends of the oil slug begin to change their shapes and become slender. Meanwhile the water begins to seep into the area between the oil slug and the capillary tube wall and a thin water film is formed. Also, although the water film is formed, the thickness of the water film is not uniformly distributed.
It is clearly demonstrated in the numerical simulation results that under the influence of external vibratory stimulation, a layer of water film is developed between the oil slug and the capillary wall. It is this water film that facilitates subsequent mobilization of the oil slug using water injection. Therefore, the numerical result supports the hypothesis that vibratory stimulation can facilitate mobilization of the oil slug by developing a water film between the oil slug and the capillary wall. It is this water film that makes subsequent mobilization of the oil slug by water injection easier with a lower driving pressure.
FIGURE 9: DEVELOPMENT OF WATER FILM WITH VIBRATION EXCITATION
Conclusions
The impact of vibration on the amount of water pressure needed to displace residual oil in porous media is not well understood. To study the impact of vibration frequency and duration on oil slug mobilization, a series of experiments on a custom designed experimental test bed are carried out. This is a systematic laboratory exploration of the effect of vibratory stimulation on the driving pressure needed for oil slug mobilization. While the experimental model is idealized, our results provide useful insights on the mechanism of mobilizing oil in porous media under vibratory stimulation.
The following conclusions can be drawn from the results of the research:
1. For an oil slug with certain length, the maximum driving pressure increases with drainage time, the increasing rate decreases significantly beyond a certain point; for oil slugs with different lengths, the maximum driving pressure required to mobilize an oil slug is less sensitive to drainage time for longer oil slugs.
4. Numerical research is employed to create simulations of the processes of both the water film drainage and the effect of vibration on the water film development. The numerical results conclude the following:
(1) During the drainage process, the water film between the oil slug and the tube wall drains out due to the surface tension of oil slug.
(2) For a stationary oil slug, the vibration excitation has positive effect on the development of water film between the oil slug and the tube wall.
By using driving pressure as an indicator of oil slug mobility, detailed studies of the impact of drainage time, slug length, vibration frequency, and vibration duration on the maximum required driving pressure are presented. This research makes contribution to revealing the mechanism of the vibratory mobilization of oil in porous media.
Introduction
More and more data are being generated in subsurface geosciences (SUBG), and SUBG has already entered "big data" epoch for many years. For instance, there are about 50 large information systems in PetroChina, and there are about 590TB SUBG data in only one of them. At present, the major applications of SUBG data in these information systems are only storage and inquiry, which is far away from fully utilizing the values of these data assets (Li and Shi, 2015) . Moreover, SUBG is facing more and more challenges. How to effectively utilize these "big data" to resolve some SUBG problems has become one of the study highlights for geoscientists. This has led to the generation of a promising frontier called data mining (DM) (Han et al., 2012) , which is a preferable solution for this problem.
Since DM emerged from the late 1980's, many algorithms have been developed or introduced from other disciplines (such as mathematics, statistics, etc.) to DM (Shi, 2013) . The major statistics algorithms in current DM can be classified into two groups: regression and classification.
Generally, there are three regression algorithms and three classification algorithms commonly used. The three regression algorithms are the support vector regression (SVR), the artificial neural network (ANN), and the multiple regression analysis (MRA), while the three classification algorithms are the support vector classification (SVC), the naïve Bayesian (NBAY), and the Bayesian successive discrimination (BAYSD).
In the recent years, regression and classification algorithms have seen enormous success in some fields of business and sciences, whereas the application of these algorithms to SUBG is still in fighting stage. This is because the SUBG is very different from the other fields, with miscellaneous data types, huge quantity, different measuring precision, and many uncertainties to results. Moreover, most of the studied problems in SUBG are nonlinear.
In oil industry (a very important sector of SUBG), oil and gas recovery factor (i.e., the recovered ratio of the total oil and gas reserves) is a key parameter, as it directedly decides the total oil and gas production (Salehi et al., 2014 ). How to determine or predict oil and gas recovery factor has great significance for oil industry. However, there is almost no successful case study on this problem up to now, which was mainly because of lacking of related data and suitable techniques. The purpose of this paper is to demonstrate how to collect enough data and select proper algorithms in three algorithms (SVR, ANN, MRA) for recovery factor regression and/or three algorithms (SVC, NBAY, BAYSD) for recovery factor classification. Using the data of 39 global oilfields, we applied the above six algorithms for forecasting both recovery factor and recovery factor classification, which differs much from other related articles to date, also being the major contribution of this paper.
In general, when all these six algorithms are used to solve a real-world problem, they often produce different solution accuracies. Toward this issue, it has been proposed that a) when an algorithm is applied to a real-world problem, its solution accuracy is expressed with the total mean absolute relative residual for all samples, R(%), and b) result availability of a given algorithm application is applicable if R(%)<10, and inapplicable if R(%)≥10. Here this threshold value (10) is taken due to the particularity of SUBG, while the threshold value (5) may be taken in other fields. Even in SUBG the threshold value (10) may be suitably adjusted based on a specific application.
The case study of recovery factor in 39 global oilfields from a commercial database has been used to validate the proposed approach. This case study consists of two problems: regression and classification.
Based on the above results availability of an algorithm for an application determined by its R(%), a flow chart of the six algorithms (SVR, ANN, MRA, SVC, NBAY, BAYSD) has been presented ( Figure 1 ). Figure 1 illustrates the running path of each algorithm in the case study.
FIG. 1 A FLOW CHART OF THE SIX ALGORITHMS (SVR, ANN, MRA, SVC, NBAY, BAYSD)
Methodology
The methodology consists of the following two major parts: definitions commonly used by regression and classification algorithms; six algorithms (Shi, 2013) .
Definitions Commonly Used by Regression and Classification Algorithms
The aforementioned regression and classification algorithms share the same sample data. The essential difference between the two types of algorithms is that the output of regression algorithms is real-type value and in general differs from the real number given in the corresponding learning sample, whereas the output of classification algorithms is integer-type value and must be one of the integers defined in the learning samples. In the view of dataology, the integer-type value is called as discrete attribute, while the real-type value is called as continuous attribute.
The six algorithms (SVR, ANN, MRA, SVC, NBAY, BAYSD) use the same known parameters, and also share the same unknown that is predicted. The only difference between them is the approach and calculation results.
Assume that there are n learning samples, each associated with m+1 parameters (x1, x2, …, xm, y * ) and a set of observed values (xi1, xi2, …, xim, * i y ), with i=1, 2, …, n for these parameters. In principle, n>m, but in actual practice n>>m. The n samples associated with m+1 numbers are defined as n vectors:
where n is the number of learning samples; m is the number of independent variables in samples; xi is the i th learning sample vector; xij is the value of the j th independent variable in the i th learning sample, j=1, 2, …, m; and
is the observed value of the i th learning sample. Equation 1 is the expression of learning samples.
Let x0 be the general form of a vector of (xi1, xi2, …, xim). The principles of ANN, MRA, NBAY and BAYSD are the same, i.e., try to construct an expression, y=y(x0), such that Eq. (2) is minimized. Certainly, these four different algorithms use different approaches and obtain calculation results in differing accuracies.
where y=y(x0i) is the calculation result of the dependent variable in the i th learning sample; and the other symbols have been defined in Eq. (1).
However, the principles of SVR and SVC algorithms are to try to construct an expression, y=y(x0), such that to maximize the margin based on support vector points so as to obtain the optimal separating line.
This y=y(x0) is called the fitting formula obtained in the learning process. The fitting formulas of different algorithms are different. In this paper, y is defined as a single variable.
The flowchart is as follows: the 1 st step is the learning process, using n learning samples to obtain a fitting formula; the 2 nd step is the learning validation, substituting n learning samples (xi1, xi2, …, xim) into the fitting formula to get prediction values (y1, y2, …, yn), respectively, so as to verify the fitness of an algorithm; and the 3 rd step is the prediction process, substituting k prediction samples expressed with Eq. (3) into the fitting formula to get prediction values (yn+1, yn+2, …, yn+k), respectively.
where k is the number of prediction samples; xi is the i th prediction sample vector; and the other symbols have been defined in Eq. (1). Equation 3 is the expression of prediction samples.
In the six algorithms, only MRA is a linear algorithm whereas the other five are nonlinear algorithms, this is due to the fact that MRA constructs a linear function whereas the other five construct nonlinear functions, respectively.
To express the calculation accuracies of the prediction variable y for learning and prediction samples when the six algorithms are used, the following four types of residuals are defined.
The absolute relative residual for each sample, R(%)i (i=1, 2, …, n, n+1, n+2, …, n+k), is defined as
where yi is the calculation result of the dependent variable in the i th sample; and the other symbols have been defined in Eqs. (1) and (3). R(%)i is the fitting residual to express the fitness for a sample in learning or prediction process.
It is noted that zero must not be taken as a value of The mean absolute relative residual for all learning samples, R1(%), is defined as
where all symbols have been defined in Eqs. (1) and (4). R1(%) is the fitting residual to express the fitness of learning process.
The mean absolute relative residual for all prediction samples, R2(%), is defined as
where all symbols have been defined in Eqs. (3) and (4). R2(%) is the fitting residual to express the fitness of prediction process.
The total mean absolute relative residual for all samples, R(%), is defined as
where all symbols have been defined in Eqs. (1), (3) 
and (4). If there are no prediction samples, k=0, then R(%)=R1(%).
R(%) is the fitting residual to express the fitness of learning and prediction processes.
Six Algorithms
Each of the six algorithms (SVR, ANN, MRA, SVC, NBAY, BAYSD) is performed through two processes: learning process at first and then prediction process.
1) Learning Process
In the learning process, using learning samples expressed by Eq. (1), each algorithm constructs its own function y=y(x). The methods of the six algorithms (SVR, ANN, MRA, SVC, NBAY, BAYSD) are described in Appendix A. It is noted that y=y(x) created by ANN is an implicit expression, i.e. which cannot be expressed as a usual mathematical formula; whereas that of the other five methods are explicit expressions, i.e. which are expressed as a usual mathematical formula.
Substituting the values of m independent variables given by the n learning samples expressed by Eq. (1) into the constructed function y=y(x), respectively, the result (y) of each learning sample for each algorithm is obtained. The mean absolute relative residual for all learning samples, R1(%) defined by Eq. (5), for each algorithm is also obtained.
2) Prediction Process
Substituting the values of m independent variables given by the k prediction samples expressed by Eq. (3) into the constructed function y=y(x), respectively, the result (y) of each prediction sample for each algorithm is obtained. The mean absolute relative residual for all prediction samples, R2(%) defined by Eq. (6), for each algorithm is also obtained.
From learning process and prediction process, the total mean absolute relative residual for all (n+k) samples, R(%) defined by Eq. (7), for each algorithm is finally obtained.
Case Study: Recovery Factor in 39 Global Oilfields
This case study consists of two problems: regression and classification. The objective of this case study is to calculate the recovery factor (RF, %) of oil and gas, and to determine the recovery factor classification (RFC) for oilfields that have few production data, which has practical value for predicting oil and gas production and evaluating their values in early E&P stage.
There are 39 global oilfield samples from a commercial database, and each sample contains 8 independent variables [x1 = total production years, x2 = current production stage, x3 = current producing well count, x4 = total well count, x5 = original in-place oil equivalent (MMBOE), x6 = EUR (Estimated Ultimate Recovery) oil equivalent (MMBOE), x7 = production of cumulative oil equivalent (MMBOE), x8 = production rate of current oil equivalent (BOEPD)] and one variable (y * = RF or y * = RFC). In the case study, among these 39 samples, 35 are taken as learning samples and 4 as prediction samples (Table 1) for the prediction of both RF and RFC, in which for RF using SVR, ANN and MRA, and for RFC using SVC, NBAY and BAYSD. It is noted that this RFC is figured out from RF by using the conversion rules given in Table 2 . 
a In x2, 1--primary rejuvenating, 2--secondary peak or plateau, 3--secondary decline, 4--secondary mature, 5--secondary rejuvenating, 6--tertiary peak or plateau. b RF = the recovery factor (%) determined by the production data, number in parenthesis is not input data, but is used for calculating R(%)i. c RFC = the recovery factor classification determined by Table 2 , number in parenthesis is not input data, but is used for calculating R(%)i. (Table 1) in the three functions, respectively, the RF (y) of each sample is obtained (Table 3) .
From Table 3 and based on the definition of result availability above, it can be seen that only ANN is applicable since its R(%) value is 5.89, whereas SVR and MRA are inapplicable because their R(%) values are 68.9 and 38.4, respectively (Seeing in Table 5 ).
Classification Problem for Determining the Recovery Factor Classification (RFC)
Using the 35 learning samples with y*=RFC and by SVC, NBAY and BAYSD, three functions of RFC (y) with respect to 8 independent variables (x1, x2, …, x8) have been constructed, corresponding to Eq. (A6), Eq. (A9) and Eq. (A11), respectively. Substituting the values of 8 independent variables given by the 35 learning samples and 4 prediction samples (Table 1) in the three functions, respectively, the RFC (y) of each sample is obtained (Table 4) . 3  200  6  2  2  0  2  0  2  0  7  3  3  0  3  0  3  0  8  5  5  0  5  0  5  0  9  5  5  0  5  0  5  0  10  3  3  0  5  66.7  5  66.7  11  2  2  0  2  0  2  0  12  3  3  0  1  66.7  3  0  13  3  3  0  3  0  3  0  14  3  3  0  3  0  3  0  15  4  4  0  4  0  4  0  16  5  5  0  5  0  5  0  17  5  5  0  5  0  5  0  18  3  3  0  5  66.7  3  0  19  1  1  0  1  0  1  0  20  4  4  0  5  25  4  0  21  5  5  0  5  0  5  0  22  5  5  0  5  0  5  0  23  3  3  0  5  66.7  5  66.7  24  1  1  0  1  0  1  0  25  3  3  0  3  0  3  0  26  3  3  0  3  0  3  0  27  1  1  0  5  400  3  200  28  5  5  0  5  0  5  0  29  5  5  0  5  0  3  40  30  3  3  0  3  0  3  0  31  3  3  0  3  0  3  0  32  3  3  0  3  0  3  0  33  1  1  0  1  0  3  200  34  5  5  0  5  0  5  0  35  3  3  0  3  0  3  0   Prediction  samples   36  3  3  0  5  66.7  5  66.7  37  1  1  0  3  200  5  400  38  4  4  0  3  25  4  0  39  5  5  0  5  0  5  0   From Table 4 and based on the definition of result availability above, it can be seen that only SVC is applicable since its R(%) value is 0, whereas NBAY and BAYSD are inapplicable because their R(%) values are 24.7 and 34.5, respectively (Seeing in Table 5 ). Table 5 summarizes the applicability of each algorithm in the case study. 
Summary of the Case Study
Conclusions
The purpose of this paper is to demonstrate how to select proper algorithms in three algorithms (SVR, ANN, MRA) for recovery factor regression and/or three algorithms (SVC, NBAY, BAYSD) for recovery factor classification, then to effectively predict it by appropriate DM algorithms and related data. From the aforementioned case study, four conclusions can be drawn as follows:
1) the proposed total mean absolute relative residual for all samples (R(%)) to express solution accuracy of an algorithm is practical;
2) the proposed result availability of a given algorithm application (applicable if R(%)<10, and inapplicable if R(%)≥10) is practical;
3) the preferable algorithm is ANN for recovery factor regression, while the preferable algorithm is SVC for recovery factor classification; 4) oil and gas recovery factor can be effectively predicted by appropriate DM algorithms, which has great significance for oil industry. where  (>0) is determined by user.
It is noted that in the two case studies the formulas corresponding to Eq. A1 are not concretely written out due to their large size.
2) ANN
The ANN procedure has been widely applied since the 1980ʹs (e. 
where ANN is a nonlinear function, which cannot be expressed as a usual mathematical formula and so is an implicit expression. ANN consists of one input layer, one or more hidden layers, and one output layer. In Case study 1, only one hidden layer is employed. There is no theory yet to determine how many hidden layers are needed for any given case, but in the case of output layer with only one node, it is enough to define one hidden layer. Moreover, it is also difficult to determine how many nodes a hidden layer should have. For solving local minima problem, it is suggested to use the large Nhidden=2(Ninput+Noutput)−1 estimate where Nhidden is the number of hidden nodes, Ninput is the number of input nodes and Noutput is the number of output nodes. The values of the network learning rate for the output layer and the hidden layer are within (0, 1), and in practice they can be the same.
The term back-propagation refers to the way (Güler and Übeyli, 2003) , the error computed at the output side is propagated backward from the output layer, to the hidden layer, and finally to the input layer. Each iteration of ANN constitutes two sweeps: forward to calculate a solution by using a sigmoid activation function, and backward to compute the error and thus to adjust the weights and thresholds for the next iteration. This iteration is performed repeatedly until the solution agrees with the desired value within a required tolerance. The error takes the root mean square error (Hush and Horne, 1993 ) is RMSE(%)= 
3) MRA
The MRA procedure has been widely applied since the 1970ʹs (e.g. 
